In this study, a new fuzzy methodology for a multi-objective optimization of reservoir Water Quality Monitoring Stations (WQMS) was developed, based on Transinformation Entropy (TE), the IRanian Water Quality Index (IRWQI), and fuzzy social choice considering uncertainties. The approach was utilized in the Karkheh Dam reservoir in Iran. The objective functions were: 1) minimizing costs, 2) minimizing redundant information and uncertainties, and 3) maximizing the spatial coverage of the network. A CE-QUAL-W2 model was used for the simulation of water quality variables. The IRWQI was computed to reveal a complete picture of the reservoir water quality. The TE quantities were calculated for each pair of potential stations. The TE values were plotted against the spatial distances among potential WQMS to obtain the TE-Distance (TE-D) curve, and minimize redundant information among stations, while providing coverage of the entire network. A multiobjective Genetic Algorithm (NSGA-II) was applied to obtain Pareto-optimal solutions taking stakeholder preference into account. The most preferred solution was then obtained using fuzzy social choice approaches to achieve a consensus. The fuzziness embedded in the decision-making procedure, the uncertainty in the value of mutual information, and the uncertainty in identifying the optimal distance among WQMS were also investigated. Results indicated that the three fuzzy social choice approaches (Borda Count, Minimax, and Approval Voting) led to the same number of optimized WQMS in each fuzzy alphacut. Based on the fuzzy linguistic quantifiers method, the number of optimized WQMS was increased.
Introduction
Designing a network for water quality monitoring is challenging because of issues such as the selection of sampling locations, sampling frequencies, and water quality variables, as well as the objectives of monitoring (Harmancioglu et al. 1999) . Optimization of water quality monitoring programs is further complicated by different regulatory agency codes and requirements, varying standards of water quality, geographical and geological differences, variation in land use, and the challenges of involving stakeholders and balancing their objectives (Behmel et al. 2016; Talebbeydokhti et al. 2017) .
A review of previous studies indicates that limited research exists on the optimization of reservoir water quality monitoring stations (WQMS). Based on multivariate statistical methods, Varol et al. (2012) investigated the water quality variations in dam reservoirs both spatially and temporally. They did not consider water quality variations with depth. Lee et al. (2014) developed a method to optimize WQMS in a reservoir using information theory. They used the data of water quality at depths between 5 and 6 m, and did not consider water quality variations at different depths. This study did not use an optimization approach to find the optimal solution that maximizes the objective function. Yenilmez et al. (2015) proposed an approach based on ordinary kriging and kernel density estimation for optimization of monitoring stations in the Porsuk Dam reservoir on the Porsuk River in Turkey. In their study, only dissolved oxygen at the reservoir surface was considered. Nikoo et al. (2017) presented a method for multi-objective optimization of reservoir WQMS based on transinformation entropy. Instead of utilizing a water quality index to integrate water quality variables, they used entropy theory for each water quality variable individually. The existing uncertainties in the decision-making process, in the optimal spatial distance among WQMS, and in the value of mutual information, were not considered in their approach. Maymandi et al. (2018) optimized reservoir WQMS both spatially and temporally using the Value of Information (VOI) concept. They tested different combinations of WQMS to find the optimal arrangement and concluded that the number of required WQMS was 5 out of a potential 11, with a sampling interval of 25 days. Pourshahabi et al. (2018) combined VOI and transinformation entropy using the NSGA-II optimization method to optimize WQMS both spatially and temporally in the Karkheh Reservoir in Southwestern Iran. Their optimization model led to 6 optimal stations out of a potential 60, and a temporal sampling period of 25 days. None of these studies investigated the effect of uncertainties.
Minimizing redundant (mutual) information among monitoring stations results in the minimization of monitoring costs. The amount of mutual information between two variables is called transinformation entropy. The information content of a dataset can be obtained using the entropy theory (information theory), developed by Shannon in 1948. Harmancioglu and Yevjevich (1987) , Ozkul et al. (2000) , Salark and Sorman (2006) , and Memarzadeh et al. (2013) applied entropy theory to evaluate WQMS in rivers. Caselton and Husain (1980) , Mogheir et al. (2004a, b, and ), Masoumi and Kerachian (2010) , and Mondal and Singh (2012) used this theory for the design of groundwater monitoring networks. In reservoirs, Lee et al. (2014) , Nikoo et al. (2017) , Pourshahabi et al. (2018) , and Maymandi et al. (2018) used entropy theory to optimize water quality monitoring networks.
In this research, a new fuzzy methodology is proposed for the multi-objective optimization of reservoir WQMS based on Transinformation Entropy (TE), the IRanian Water Quality Index (IRWQI), and fuzzy social choice approaches considering uncertainties. The IRWQI was computed using simulated water quality variables (phosphate (PO 4 3− ), nitrate-nitrite (NO 3 − -NO 2 − ), electrical conductivity (EC), ammonium (NH 4 + ), and dissolved oxygen saturation (DO sat )). An image processing approach was proposed to read the graphs corresponding to each water quality variable to automatically calculate the IRWQI to reduce computation time, eliminate human error and increase the accuracy of calculation. Transinformation Entropy values were calculated for each pair of the potential WQMS. The Transinformation EntropyDistance (TE-D) curve was obtained based on the TE values and the spatial distances among potential WQMS to determine redundant information among WQMS. Considering the objectives of the social stakeholders, the multi-objective Genetic Algorithm (NSGA-II) was applied to obtain Pareto-optimal solutions. The best solution was then obtained based on fuzzy social choice approaches. In comparison with simple GA, the multi-objective Genetic Algorithm (NSGA-II) proposed by Deb et al. (2000) contains two additional steps (Fig. S1 , Adapted from Deb et al. (2002) , Supplementary material):
1. Non-dominant sorting in which each solution is given a rank according to its nondomination level. 2. Crowding-distance computation for preserving diversity among solutions.
Since many simplifications and assumptions are made in any optimization model, it is necessary to consider and manage uncertainties. The current study seeks to address certain issues in previous research such as fuzzy preferences in the decision-making process, the uncertainty in identifying the optimal spatial distance among WQMS across the entire reservoir, and the existing vagueness in the value of mutual information. The approach presented in this paper was employed to optimize water quality monitoring stations in the Karkheh Reservoir in Iran.
Methodology
A flowchart of the presented approach for developing the fuzzy multi-objective optimization of a reservoir water quality monitoring network is illustrated in Fig. 1 .
Step 1: Data Preparation
Water quality variables were selected based on a preliminary study of the Karkheh Dam reservoir, upstream sources of pollution and the current status of water quality. The Karkheh Dam reservoir is on the Karkheh River in the South-West of Iran between 48°7.8 ′ longitude and 32°29.6 ′ latitude. The Karkheh River originates from the Zagros Mountain in Iran. The southern parts of the Karkheh Basin are arid with hot, dry summers and mild winters, unlike the northern parts which experience mild summers and cold winters. The temperature varies from sub-zero to 50°C. There were no long-term water quality measurements for the Karkheh Reservoir and water quality was therefore simulated from September 1968 to September 2008 (40 years) by a calibrated and verified CE-QUAL-W2 model (a two-dimensional water quality model) (Cole and Wells 2013) . The governing equations were the continuity, momentum and advection/diffusion equations. Hydraulic and geometric parameters, as well as inflow and outflow and meteorological data, were all required and obtained (Cole and Wells 2013) .
Meteorological parameters (i.e. air temperature, wind speed, wind direction, dew point temperature, and cloud cover) were measured hourly from September 1968 to September 2008 . Five water quality variables were selected: PO 4 3− , NO 3 − -NO 2 − , EC, NH 4 + , and DO sat and water samples were taken monthly at four vertical sections from May 2005 to July 2006 (14 months). The CE-QUAL-W2 model was calibrated and validated using the available historic dataset. Half of the water quality data were used for calibration and half for verification, as in similar research (Afshar and Saadatpour (2009) and Rezazadeh (2012) ). Calibration consisted of three steps in which model coefficients were adjusted until an adequate fit of real versus simulated data was obtained using the trial and error process. First, the water surface elevation was calibrated by comparing simulated elevations with real elevations and then temperature and reservoir water quality were calibrated.
The CE-QUAL-W2 model coefficients calibrated for the Karkheh Dam reservoir are shown in Table 1 . For more details, refer to Afshar and Saadatpour (2009) and Rezazadeh (2012) . Finally, the calibrated and verified model was applied to simulate reservoir water quality variables.
Twenty-two potential WQMS were considered throughout the entire reservoir. The IRanian Water Quality Index (IRWQI) was then computed on the basis of the simulated water quality variables. The IRWQI was developed by the Ministry of Energy of Iran based on water quality criteria as defined in Iran. This index was calculated using the following equations (Iranian Water Quality Index, User's Manual 2013): Step 1: Data Preparation
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where, w i is the weight of the ith water quality variable, n is the number of water quality variables, and I i is the index value for the ith water quality variable based on the related graph. For example, the graphs for dissolved oxygen (DO) and electrical conductivity (EC) are illustrated in Fig. S2 (Supplementary material, Adapted from Iranian Water Quality Index, User's Manual 2013). Equation 1 performs multiplication on any number of water quality variables (n) to calculate the IRWQI. Due to the large number of simulated water quality data (monthly for a 40-year period), it was difficult to calculate IRWQI at 22 potential WQMS. A total of 12 × 40 × 22 = 10560 values would have to be read from the graphs corresponding to each of the five selected water quality variables. Therefore, an image processing approach (explained in the Supplementary material) was proposed to rapidly and precisely process the graphs to calculate the IRWQI automatically.
Step 2: Transinformation Entropy Analysis Considering Uncertainty
The Transinformation Entropy (TE) quantities were calculated for each pair of potential WQMS using the IRWQI values at the potential WQMS. The Transinformation Entropy between station x and station y, (TE(x, y)), was calculated as follows (Mogheir et al. 2004a, b) : 
where,
is station x which is in the quality class "i", y j is station y which is in the quality class "j",
is the occurrence probability of
is the occurrence probability of y j , p(x i , y j ) is the joint probability between x i and y j .
For more details, refer to Eqns. S3-S5 (Supplementary material). The Transinformation Entropy (TE) quantities were plotted versus the spatial distances among WQMS (D) to obtain the Transinformation Entropy-Distance (TE-D) curve and determine the mutual information. Figure 2 shows a schematic diagram of the TE-D curve. As shown in this figure, the TE-D curve exhibits nearly zero inclination for distances more than D opt . Thus, D opt corresponds to the minimum value of TE on the TE-D curve and is the optimal distance.
To minimize uncertainty in the transinformation value associated with each distance in the TE-D curve, the fuzzy degree of membership (Dm i ) should be close to "1". The fuzzy degree of membership was obtained using the similar triangles in the triangular membership function and fitted curve equations of the upper and lower bounds (Fig. 2) . To consider uncertainty in the optimal distance among WQMS, fuzzy logic-based alpha-cut analysis was applied. The details are explained in Section 4 and in the Supplementary material section. The multi-objective Genetic Algorithm (NSGA-II) was developed to find a set of Paretooptimal solutions taking the requirements of the three main stakeholders into consideration. Stakeholder objectives, some of which conflicted, were as follows:
1. Ministry of Energy of Iran (MOE) preferred to minimize the cost. 2. Regional Water Authority (RWA) of Khuzestan Province in Iran aimed to minimize uncertainties and redundant information (to reduce redundant measurements). 3. Department of Environment of Iran (DOE) preferred to maximize the coverage of the water quality monitoring network.
Considering the above objectives, the formulation of the developed multi-objective optimization model was as follows:
where, is the optimized distance associated with TE min (in meters).
The utility function Z 3 maximizes the coverage of the water quality monitoring network according to Eq. 6. Since the multi-objective Genetic Algorithm (NSGA-II) in MATLAB ® can only find the minimum of a function, utility function Z 3 is multiplied by "-1". Thus, utility function Z 3 is between 0 and "-1".
Step 4: Using Fuzzy Social Choice Approaches
Social choice theory considers the involvement of all stakeholders with different preferences in the process of decision-making (Sheikhmohammady and Madani 2008) . The preferences of the stakeholders and the group decision-making process often contain vagueness and fuzziness. Nurmi (1981) discussed fuzzy social preference relations in group decision-making. In the present study, the most preferred solution among the Pareto-optimal solutions was determined based on fuzzy social choice to achieve a common option agreed upon by the stakeholders, considering the existing vagueness and fuzziness in social choice theory. The most common fuzzy social choice methods (i.e., fuzzy Borda Count, fuzzy Minimax, fuzzy linguistic quantifier, and fuzzy Approval Voting) were used in this study.
Fuzzy Borda Count
For each stakeholder k, the matrix of preference intensities was obtained as follows (García-Lapresta and Martínez-Panero 2002):
in which, r k ij was the intensity for preferring option x i compared to option x j with a number between 0 and 1 by stakeholder k. For all i, j ∈ {1, …, n}, r ij is related to r ji with the following equation (García-Lapresta and Martínez-Panero 2002):
The sum of elements in row i in the matrix of preference intensities which were greater than 0.5 (r 
Finally, the option with the highest score was selected (García-Lapresta and Martínez-Panero 2002).
Fuzzy Mini-Max
For each stakeholder k, the matrix of preference intensities was obtained according to Eq. 10.
For each x i and x j (Nurmi 1981) :
The option x j corresponding to β is chosen (Nurmi 1981) .
Fuzzy Linguistic Quantifiers
According to the matrix of preference intensities (Eq. 10.), the following equations were obtained (Kacprzyk et al. 1992) :
where υ i Q ; was the degree of desirability corresponding to option S i . The option with the highest degree of membership was selected (Kacprzyk et al. 1992 ).
Fuzzy Approval Voting
Each stakeholder k estimated the degree of desirability for option i by r 
For each option i, the sum of elements in the row i in the above matrix was calculated. The option with the highest score was chosen (García-Lapresta and Martínez-Panero 2002).
Case Study
Karkheh Dam is a large earth dam on the Karkheh River in Iran (Fig. 3) . Karkheh Reservoir experiences eutrophication and strong temperature stratification (Fig. S3-S5 , Supplementary material). Five water quality variables were selected based on a preliminary study of water in the dam reservoir, upstream sources of pollution and the current status of water quality: PO 4 3− , NO 3 − -NO 2 − , EC, NH 4 + , and DO sat . Water temperature was also measured because it affects the amount of dissolved oxygen saturation. The segmented plan and the side view of the Karkheh Dam reservoir is shown in Fig. S7 (Supplementary material) . The vertical grid spacing of 2 m and horizontal grid spacing of 1000 m resulted in 55 layers and 66 segments in the reservoir grid, respectively. Twenty-two potential WQMS were considered at different points over the entire reservoir (Fig. 4) .
Results
The water quality of the reservoir from 1968 to 2008 was simulated by the CE-QUAL-W2 model. In the calibration process, the model coefficients were adjusted until an adequate agreement between simulated and actual data was obtained. For more details, refer to Fig. S8 and Table S1 (Supplementary material). The IRWQI was calculated using an image processing approach. Based on the values of IRWQI at each potential monitoring station, pair-wise mutual information was computed for each pair of stations and transinformation quantities were plotted versus spatial distances among monitoring stations to obtain the TE-D curve (Fig. 5) . To estimate uncertainty in the transinformation quantity associated with each distance, a fuzzy membership function was assigned to each distance for the possible values of transinformation between the lower and upper bounds around the TE-D curve. The lower and upper bounds were considered the confidence interval using the curve fitting toolbox in MATLAB®. For points outside the lower and upper bounds, the degree of membership was set to zero. As shown in Fig. 5 , the values of transinformation entropy on the TE-D curve did not show significant change for distances greater than 12,000 m. Thus, the optimal distance (D opt ) corresponding to the minimum transinformation on the TE-D curve was approximately 12,000 m. To consider uncertainty in the optimal distance, fuzzy logic-based alpha-cut analysis was applied. Therefore, the optimal distance was considered to be a fuzzy number assuming a triangular membership function (Fig. 6) .
Considering the somewhat conflicting interests of the three stakeholders, the multi-objective Genetic Algorithm (NSGA-II) was developed. The model was tested for various coefficients (c k ) in the second objective function (Z 2 ). After experimention, the relative weight in the second objective function was set to 0.5 (c k = 0.5). The results of the sensitivity of the model to different relative weights are presented later in this section. The NSGA-II optimization algorithm was run for each fuzzy optimal distance corresponding to each alpha-cut. Since the non-dominated solutions for each fuzzy optimal distance were monotonic, the NSGA-II optimization algorithm was run only for the upper and lower boundaries corresponding to each alpha-cut. As an example, the non-dominated solutions obtained using the multi-objective Genetic Algorithm (NSGA-II) are illustrated in Fig. S9 (Supplementary material) for α-cut = 1. The number of decision variables was equal to the number of potential WQMS (N p =22). The multi-objective Genetic Algorithm (NSGA-II) was tested for different populations and different generations, and appropriate values were selected when they led to the same answer. The appropriate number of generations was 200 and the initial population size was considered to be 330 (15 × 22 = 330). All Pareto-optimal solutions for each fuzzy optimal distance corresponding to each alpha-cut were ranked with a number between zero and one (r k ij in Eq. 10) based on the value of the objective functions for each solution and the degree of desirability by the stakeholders (MOE, RWA, and DOE). The best solution corresponding to each alpha-cut was then determined based on different fuzzy social choice methods to achieve a common option agreed to by all stakeholders (Table 2) .
Iran Karkheh Dam
Three fuzzy social choice approaches (Borda Count, Minimax, and Approval Voting) led to the same number of optimized WQMS in each alpha-cut. The number of optimized WQMS was 4 out of 22 potential stations for D opt ≤ 12000 m, but their locations were different for each alpha-cut. By increasing the optimal distance, the number of optimized WQMS was decreased to 3 out of 22 potential stations. According to Table 2 , the number of optimized stations obtained was greater using the fuzzy linguistic quantifier method compared with other fuzzy social choice approaches. The station in segment 57 and layer 33 (57, 33) , and the station in segment 62 and layer 39 (62, 39), were selected as optimal stations in 65% of the cases. The optimal WQMS locations obtained using these fuzzy social choice methods are shown in Fig. 7 . As shown in this figure, ignoring the existing uncertainty in the optimal distance (i.e. α-cut = 1 and D opt = 12000 m) affected the locations of optimal WQMS considerably. The different relative weights in the second objective function (Z 2 ) were tested to show the sensitivity of the proposed model to these weights. The sensitivity analysis results are presented in Table 3 . As shown in Table 3 , the number of optimized WQMS was the same (4 out of 22 potential WQMS) using different fuzzy social choice approaches when c 1 < c 2 , but their locations were different using the fuzzy minimax method. The number of optimal WQMS increased using the fuzzy linguistic quantifiers method when c 1 ≥ c 2 . The station in segment 41 and layer 21 (41, 21) , and the station in segment 46 and layer 27 (46, 27), were selected as optimal stations in all cases. 
Conclusion
A new fuzzy methodology was proposed based on transinformation entropy theory, the multiobjective Genetic Algorithm (NSGA-II) and fuzzy social choice methods considering uncertainties to optimize a water quality monitoring network (in this case, the Karkheh Dam reservoir in Iran). First, the water quality of the reservoir was simulated after calibration and verification of a CE-QUAL-W2 model. Then, the Iranian Water Quality Index (IRWQI) was calculated. The transinformation quantities and the Transinformation Entropy-Distance (TE-D) curve were obtained to determine the mutual information among Water Quality Monitoring Stations (WQMS). Issues such as fuzzy preferences in the decision-making process, uncertainty in identifying the optimal spatial distance among WQMS across the entire reservoir, and the existing vagueness in the value of mutual information were also considered.
In order to represent uncertainty in the transinformation quantity associated with each distance in the TE-D curve, the fuzzy degree of membership was determined between the upper and lower limits. To consider the uncertainty in the optimal distance, the fuzzy alpha-cut was developed assuming a triangular membership function for the optimal distance. There were three main stakeholders with multiple utility functions, some of which were conflicting. Thus, the multi-objective Genetic Algorithm (NSGA-II) was applied to obtain Pareto-optimal solutions which considered the interests of the stakeholders. The best of these solutions was determined based on fuzzy social choice methods to achieve a consensus among the stakeholders. Three fuzzy social choice approaches (Borda Count, Minimax, and Approval Voting) led to the same number of optimized monitoring stations in each alpha-cut. Results showed the successful performance of the multi-objective Genetic Algorithm (NSGA-II) and fuzzy social choice approaches in optimizing the number and location of WQMS in the dam reservoir. This methodology was applied to spatial optimization of water quality monitoring stations; temporal frequency of monitoring could be explored in future studies. The spatial variogram could also be applied to determine the minimum value of mutual information and the results compared with transinformation entropy.
